Even with studies to confront different risk models for gold, there is no consensus about what is the best approach or models when considering the presence of extreme negative values. To that, we employ a backtesting in conditional models with distinct distributions in order to estimate VaR and ES risk measures and, thus, find a pattern for the risk of investments in gold. We verify that the EVT approach has more conservative and volatile risk estimates, with satisfactory results in extreme situations.
INTRODUCTION
In the expectation of one stabilizer force against extreme negative market shocks, gold has always been well regarded for risk protection by investors, especially for applications in allocation portfolio and hedging against financial risk. The main reason for this tendency is the good results against macroeconomic fluctuations, such as exchange, inflation and geopolitical events. However, these results do not observe the greater detachment of gold with the economic variables and its wider use as an investment instrument, as well as the low performance of gold in the protection of negative economic conditions, which have instigated questions about its behavior in scratch protection.
Regarding the role of gold in risk management, volatility is traditionally considered a risk measure. Despite being more persistent and less sensitive to leverage effects than other metals, it presents a variable pattern over time as well as "flight to safety syndrome" in its demand during turbulent periods (Hammoudeh and Yuan, 2008; Hammoudeh et al., 2011) .
Thus, gold denotes more attention for some peculiarities, such as asymmetric distribution and influence of extreme events. Chkili et al. (2014) suggest the use of models that promote more attention for asymmetry in gold distribution. However, So et al. (2014) state that the asymmetry can lead to biased risk estimations, due to the modeling of tail asymmetry, not finding a suitable return distribution that can describe well the tail parts of the true gold distribution. Moreover, recent evidence of falls in gold prices (see Figure 1) shows a lack of persistence and increased sensitivity of volatility for tail distribution values, especially for extreme negative events, and denotes relevant attention for gold risk estimation. Thus, the question raised is: how to resolve this misunderstanding and find one risk model for gold investments?
To answer this question, recent advances on the regulation and definition of capital requirements have considered the potential loss of future earnings through tail risk measures or quantile basis, such as the Value at Risk (VaR) and Expected Shortfall (ES). VaR is the maximum loss given a confidence level during a certain period, while ES is the average loss once this loss overcomes VaR. For risk management of gold investments, Jang (2007) Even with the existence of studies to confront different risk models for gold, there is no consensus about what is the best approach or even a performance rank of these models in extreme situations. It is exactly this gap we intend to fill, by providing a detailed assessment of risks in gold investments that allow inferring which model is more precise in a backtesting framework, especially considering the period of fall in gold prices. To that, we consider the estimation of VaR and ES from COMEX future gold log-returns through conditional models with distinct distributions, regarding the estimation window and significance level dimensions, during the period of January 2007 to December 2013.
MATERIAL AND METHODS
We utilize daily data from the Commodity Exchange, Inc. (COMEX) future gold price of the most negotiated future contract of gold (GC2). The sample of log-returns is from January 2007 to December 2013 December , totalizing 1753 observations. In view of protection against REAd | Porto Alegre -Edição 82 -N° 3 -setembro/dezembro 2015 -p. 648-658 negative extreme impacts in the market, the sample contains both the sub-prime and the Eurozone crises, resenting a good challenge to the adaptation of estimation models. Since the risk in gold investments is regarding changes in its values, we consider the usual log-returns for our analysis.
We now explain the risk measures and models present in this paper. Consider the stationary random change in gold price as , which have a fully parametric location-scale specification based on expectation, dispersion and random component, as
where, for period T is the conditional mean (location), is the conditional standard deviation (scale) and represents a zero location and unit scale innovations of white noise series, which can assume many probability distribution functions F. Based on this framework, we now define VaR and ES. To that, given a value ∈ (0,1), the VaR at a significance level is the quantile of for this level. Mathematically, VaR is defined as (1).
Based on this definition we can note that VaR does not consider information after the quantile of interest, only the point itself. ES can outperform this drawback. Thus, ES at significance level α is the expectation of , once is below VaR for this level, i.e., an extreme loss. Formally, formulation (2) defines ES.
For the filtering, we estimate an AR (1)-GARCH (1,1) model with parameters estimated through Quasi-Maximum Likelihood. We consider other GARCH specifications, as well lag numbers, however they do not change our results qualitatively. Thus, we keep the most simple and parsimonious model. Due to lack of space we do not present estimation results here, but they are available upon request. We consider four candidates for the distribution F: i) The Normal or Gaussian, which serves as a benchmarking; ii) the Skewed (2000) for details.
We consider an estimation window of 500 observations, i.e., for each day from the observation 501 to the end of the sample), VaR and ES are estimated using the last 500 observations, for the four models we are considering. Other estimation windows were also used, but the results do not change qualitatively. For brevity, we keep the results for the window that has the best overall results. We study 1% and 5% significance levels for the quantiles. We compute the violation rate (a violation means that the return obtained in a determined day was below than forecasted VaR), mean, standard deviation, skewness and kurtosis for VaR and ES estimates. We also consider backtesting procedures, using the Christoffersen (1998) test for VaR (null hypothesis of correct proportion and independence of violations) and McNeil and Frey (2000) for ES (null hypothesis that the mean of differences between violations and forecasted ES is zero).
RESULTS
We provide a visual insight about the pattern of prices and log-returns of gold through Figure 1 and Figure 2 , which exhibit a plot of the daily future gold prices of COMEX from January 1975 to December 2013, and it shows log-returns for the data used, respectively.
Further, we offer numerical information through some descriptive statistics of log-returns in Table 1 . Subsequently, in order to analyze the estimated risk models in log-returns of the future gold, we present descriptive statistic and backtesting results in Table 2 . We consider 1% and 5% significance levels for VaR and ES measures, with an estimation window of 500 observations. Based on the results in Table 2 , the estimation models, except EVT model at 1% significance level, show more proportion of returns that exceed the predicted VaR (mean), which denote an underestimation of VaR. This underestimation presents a danger for risk estimation in gold investments, once greater losses than the VaR are not considered in these models. Hammoudeh et al. (2011) find, is some level, similar results to these.
All estimation models present negative values for mean, mainly due to the increasing impact of negative extreme values. EVT and FHS models have the most parsimonious estimates, once it exhibits the most negative mean, while Normal and Skewed t models are the less conservative. This pattern is valid for both VaR and ES. In standard deviation, there is more dispersion of estimates in 1% quantiles of VaR and ES than 5% quantiles, denoting a turbulent pattern in extreme situations. Further, despite the fact that all estimation models have very volatile prediction, EVT produces the most volatile risk estimates while the Normal and Skewed t show less volatile risk, as pointed out by its standard deviation in all four scenarios. Thus, the EVT model presents a better capturing of negative returns, but more volatile in risk estimation. This bad performance of skewed t is in accord to So et al. (2014) , who criticizes asymmetric models, contrary to Chkili et al. (2014) , which argues in favor of such approaches.
Regarding the skewness, in general models it tends to exhibit negative symmetry, indicating that risk estimates are likely to concentrate further below their mean, as expected for a turbulent period. For kurtosis, in general models it tends to exhibit a leptokurtic one, which confirms the risk estimation for tail values of the distribution. Thus, aligned with its volatile behavior, EVT does produce too many extreme VaR and ES estimates as the Normal and Skewed t models and FHS, which follow the return dynamics more closely. The exceptional pattern occurs in VaR 1% significance level.
On the other hand, the backtesting results indicate that Normal, Skewed t and FHS models are the worst models in VaR 1%, once it rejects the null hypothesis that risk estimated for these models conduct the risk in gold investments, while EVT model is the worst model for VaR 5%. These situations denote the better performance of Normal, Skewed t and FHS analyze the ES estimation of these models and observe the outperformance of EVT over GARCH models and FHS model.
CONCLUDING REMARKS
In this paper, we verify the risk in future gold investments regarding conditional models with distinct distributions, once we consider the presence of negative extreme returns over VaR and ES risk estimation. Thus, we provide a detailed assessment that allows inferring which model is more precise in a backtesting framework.
We verify that the recent instability of gold prices and the presence of more negative extreme values can difficult the gold protection. Thus, we perform one backtesting framework, where the EVT approach has the most conservative and volatile risk estimates, with satisfactory results, especially in extreme situations. The Normal model, frequently used as a benchmarking for risk management, exhibits a poor performance in most scenarios analyzed.
Following the concern about the performance of risk in gold investments in negative economic conditions and the possible presence of "flight to safety syndrome" of gold demand REAd | Porto Alegre -Edição 82 -N° 3 -setembro/dezembro 2015 -p. 648-658 over turbulent periods, we suggest this backtesting framework for future comparative analysis of the performance indices of return of gold with other precious metals.
